Abstract. The use of species distribution models (SDMs) to predict the spatial occurrence and abundance of species in relation to environmental predictors has been debated in terms of species' ecology and biogeography. The predictive power of these models is well recognized for vertebrates, but has not yet been tested for invertebrates. In this study, we aim to assess the use of SDMs for predicting local abundances of invertebrates at a macroscale level. A maximum entropy algorithm was used to build SDMs based on occurrence records of 61 species of butterflies and bioclimatic information with a 30 arc second resolution. Predictions of habitat suitability were correlated with butterfly abundance data derived from independently conducted field surveys in order to check for a relationship between the predictions of the model and local abundances. Even though the model accurately described the current distributions of the species in the study area at a macroscale, the observed occurrences of the species (i.e. presence/absence) recorded by the field surveys differed significantly from the model's predictions for the corresponding grid cells. Moreover, there was no correlation between observed abundance and the model's predictions for most species of butterflies. We conclude that the spatial abundance of butterflies cannot be predicted from environmental suitability modelled at a resolution as large as in this study. Using the finest scale bioclimatic information currently available (i.e. 30 arc seconds) it is not adequate to predict species abundances as structural and ecological factors as well as climatic patterns acting at a smaller scale are key determinants of the occurrence and abundance of invertebrates. Therefore, future studies have to account for the role of the resolution in environmental predictors when assessments of spatial abundances via SDMs will be conducted.
INTRODUCTION
Environmental conditions and population processes determine the spatial distribution of species and hence biodiversity patterns over geographic ranges (Gaston, 2003) . In this context, species distribution models (SDMs) are commonly used to predict the potential distribution of species with regard to their ecological niches (e.g. Franklin, 2009; Soberon & Nakamura, 2009; Araújo & Peterson, 2012) . Based on multiple climatic and environmental variables recorded over the known distribution, these models aim to predict spatial patterns of environmental suitability and are used to infer the likelihood of species' occurrence across a given geographic range. In recent times, SDMs have emerged as powerful tools for addressing important topics in ecology (Ficetola et al., 2007; Rödder et al., 2009 ), evolution (Habel et al., 2010 (Habel et al., , 2011 and conservation (Rodriguez et al., 2007; Araújo et al., 2011) . Despite the well recognized relationship between environmental suitability and local abundance of species, only a few authors have tried to deduce spatial abundance patterns of species from SDMs (Pearce & Ferrier, 2001; Nielsen et al., 2005; Pearce & Boyce, 2006; VanDerWal et al., 2009 ). The basic idea behind this assumption is that environmental suitability predicted by a SDM for a given location can be used as an indicator of species' abundance as it indicates how well the physical and ecological constraints of species are met. If this is the case then the species will be abundant at locations with high environmental suitability and vice versa. Hence, models that predict environmental suitability based on occurrence data might also provide information on spatial variation in abundance.
It is much more difficult to obtain data on the abundance of species within their ranges than data on their occurrence. Species often vary greatly in abundance in time and in the different habitats within their ranges (Murphy et al., 2006) . Even closely related species differ greatly in their mean population densities in the same range (Bink, 1992) . Furthermore, the ease with which individuals can be detected strongly depends on season, time of day, weather conditions, habitat type, faunal activity and the skill of the observer. Therefore, detailed data on abundance are available for only a few species at a local scale and area-wide information is commonly lacking because collecting such data for a large number of species requires a lot labour and is consequently expensive. Assuming a positive correlation between habitat quality and species abundance within a region, such information can be used to target field surveys over large geographical areas. Moreover, modelling species abundances could provide information that could be used to develop regional conservation programs. However, their effective implementation at large scales require that there is a good correlation between "high-quality" habitats and species abundance. As relative abundance is likely to be a good indicator of population viability and reflect factors such as reproductive success, carrying capacity and susceptibility of populations to extinction (Keller et al., 1986; Hobbs & Hanley, 1990) , deducing abundance from environmental suitability and extrapolating the results across a region might be a useful tool. The use of SDMs to predict species specific abundance patterns might be a feasible way of determining spatially explicit assessments of species' abundances, which, in turn, could be used to optimise specific conservation efforts.
Since SDMs have been only used to predict spatial patterns in abundance of vertebrates (cf. VanDerWal et al., 2009; Brambilla & Ficetola, 2012) , we aim to apply this approach to invertebrates for the first time, using central European species of butterflies as the model system. Occurrence records for 61 species were used to develop species distribution models using the maximum entropy algorithm MAXENT . Predictions of environmental suitability were than correlated with abundance data obtained from standardized field surveys in order to investigate whether it is possible to predict variations in the spatial abundance of species of butterflies using SDMs.
The aim of this study was to determine the suitability of the data on bioclimatic information at the finest resolution (30 arc seconds) currently available in the Worldclim database (Hijmans et al., 2005; www.worldclim.org) , which is the standard source of variables for modelling species distributions world-wide (i.e. Hijmans et al., 2005) , as demonstrated by a citation index of 1,432 (ISI Web of Science query, 6-6-2012). However, even if the resolution is quite fine on the macroscale (grid cell resolution equates approximately 1 km 2 along the equator), we hypothesize that it might be difficult or even impossible at this level of resolution to use SDMs to predict accurately abundance patterns. If so, then this study will demonstrate the limitations of the current method of assessing abundance data using the bioclimatic datasets currently available.
METHODS
Species abundance data were obtained from field surveys carried out at 14 locations in south-western Germany in 2010 and 2011 using a standardized transect method developed for the British Monitoring Scheme (Pollard & Yates, 1993) . Butterflies were counted when walking along transects, which varied in length between 123 and 1430 m. Each butterfly seen within 5 m ahead and 2.5 m on each side of the observer was counted. Individuals were either identified and counted without capturing them or caught using a butterfly net for closer determination. All locations were surveyed several times each year (monthly between April and October) to avoid misinterpretation of extreme or zero abundances that can arise from single surveys and seasonal variations in the numbers of certain butterfly species. The means of the species counts for each month were transformed to numbers per 1000 m of transect and summed to give an annual value taking into account the differences in transect length. The transformed monthly counts of species were summed to give a single annual value for each transect.
Species distribution modelling (SDM) requires environmental and species occurrence data. Occurrence of butterflies was obtained from intensive field surveys at 148 locations across the study area and from a GBIF query (http://www.gbif.org). We selected a region between 50.5°N and 48.9°N and 5.8°E and 8.2°E, which includes an area in south-western Germany and adjacent regions in Luxembourg and France (Fig. 1) . The long history of human settlement and different land-uses in this region resulted in a complex landscape matrix, which ensured the survival of a diversity of species including a larger number of butterfly taxa. The landscape encompasses a mosaic consisting of residential areas, arable fields, vineyards, meadows, forests and semi-natural calcareous grassland. The latter especially is a favourable habitat for many butterfly species and rare and endangered taxa (Wenzel et al., 2006) . Therefore, butterflies have been well studied in this area.
Information on the occurrence of a total of 61 butterfly species, for which there was information on their abundance available, was used. The mean number of occurrence records per species was 48, ranging from 5 to 126 records for a single species (Table 1) . Even if modelling algorithms have a high potential error rate if the information on occurrence is limited to just a few locations (Hernandez et al., 2006; Wisz et al., 2008) , all species were included, because the information on occurrence was mainly limited by the rarity of a given species. Since most of the rare butterflies in the study area are habitat specialists, we assumed they have a high preference for a specific niche. Thus, rare species with a very limited range of environmental tolerance can also result in accurate SDMs, even if information on their occurrence is scarce (sensu Hernandez et al., 2006; de Siqueira et al., 2009) .
Bioclimatic information with a spatial resolution of 30 arc seconds was obtained from the Worldclim database (Version 1.4, http://www.worldclim.org; Hijmans et al., 2005) . Nineteen Bioclim variables, all of which are assumed to strongly influence the occurrence and abundance of butterfly species, were checked for multi-colinearity by conducting pairwise Pearson correlations. High inter-correlations between predictor variables might inflate the performance of SDMs (Heikkinen et al., 2006) , when redundant information was used for calculating the climatic niche of a species. If r 2 > 0.75, we therefore selected only one of these strongly inter-correlated variables. In these cases we preferred those with a higher relevance to butterfly biology (i.e. extremes rather than means) as extremes seem to limit butterfly distributions in a more direct way than means. The final data set included eight variables: "isothermality" (bio3), "temperature seasonality" (bio4), "maximum temperature of warmest month" (bio5), "minimum temperature of coldest month" (bio6), "mean temperature of wettest quarter" (bio8), "mean temperature of driest quarter" (bio9), "precipitation of driest month" (bio14) and "precipitation seasonality" (bio15).
We used MAXENT 3.3.3k Elith et al., 2011 ; available through: http://www.cs.princeton.edu/~shapire/ maxent), a machine-learning algorithm following the principles of maximum entropy, for species distribution modelling. MAXENT models potential species distributions based on environmental predictors (i.e. the above mentioned eight bioclimatic variables in this case) and presence-only data (Elith et al., 2011) . In doing so, this algorithm frequently outperforms other methods (e.g. Elith et al., 2006) . In addition, and even more important in the context of this study, MAXENT is the best of the available algorithms when there are few species records (Hernandez et al., 2006; Pearson et al., 2007; Wisz et al., 2008) . This is particularly important when modelling the distribution of the rare species of butterflies included in this survey.
MAXENT allows for the calculation of the "area under the receiver operation characteristic curve" (AUC) in order to test the predictive outcome of SDMs . AUC values range from 0.5 for models with no predictive ability to 1.0 for those giving perfect predictions (Swets, 1988) and can be used to assess the ability of the model to distinguish species records from background data . Models were computed with 30% of the records randomly omitted as test points from the model during training in 100 iterations, in order to assess the internal consistency of the model . Subsequently, the average of all 100 models automatically computed by MAXENT was used in further analyses. The logistic output of MAXENT is a continuous map interpreted as the potential distribution of the species studied in the area of interest based on the predicted environmental suitability from 0 (unsuitable conditions) to 1 (optimal conditions). We used a non-fixed threshold as recommended by Liu et al. (2005) and set the minimum training presence prediction value as presence/absence threshold.
We compared the expected occurrence (represented by the presence/absence prediction in the corresponding grid cell as derived from the SDM) with the observed occurrence (i.e. species presence/absence along each transect) for each species and tested the general deviance across all species using the  2 -test. In addition, spearman rank correlations between the abundance information for each species for each transect and the corresponding predictions derived from the SDMs for the respective grid cells (i.e. the predicted environmental suitability for the respective butterfly species ranging from 0 to 1) were obtained. Calculations were conducted in R 2.15 (R development core team, 2012).
RESULTS
The distribution of butterfly species in the study area was patchy and the number of occurrence records varied considerably between species and habitats. A total of 65 species were recorded during transect walks. The highest number of species (n = 59) was recorded in calcareous grasslands, most of which were protected areas. Fifty three of the 65 species of butterfly were recorded in vineyard fallows in cultivated landscapes. The frequency of detection of a species mostly depended on its rarity in this region, i.e. the number of records was positively correlated with the mean number of individuals per transect along which the species in question was present (r 2 = 0.38). The most frequent species was the Meadow Brown (Maniola jurtina, n = 858 individuals). More than 100 individuals were recorded of 15 species, 51-100 of eight species, 11-50 of 21 species and ten or fewer individuals of 21 species. The abundance data for all species recorded along all transects is given in Table 1 .
The AUC values of the model's performance averaged across the set of 61 butterfly species analyzed (i.e. 4 of the 65 species were not modelled, due to insufficient occurrence records) was 0.785 (sd: 0.057). Therefore, the model can be considered as "useful" for predicting the local presence or absence of a species according to the classification scheme adapted from Swets (1988) and modified by Araújo et al. (2005) . The lowest AUC value for a species was that for T. betulae (AUC = 0.56, n = 12), i.e. it is not possible to reliably predict the distribution of this species in the study area, and highest for L. dispar (AUC = 0.93, n = 6), i.e. the prediction of the distribution of this species in the study area is reliable. There is no linear relationship between the number of occurrences and the performance of the model (r² = 0.003, p = 0.67), thus the distribution of common and widespread butterflies for which abundance data was collected in the field and SDMs conducted (n locations -number of occurrence records used in the development of the model; AUC -Area Under the receiver operation characteristic Curve; sum abundance -recorded abundances of species during field surveys; % congruence -percentage of congruence between expected and observed presence of species, r -spearman rank correlation coefficient; p -p-value of spearman rank correlation).
butterfly species, on average, were not better predicted by the model than local and rare taxa. However, the variance of the predictive power was high for species for which there were few records of occurrence (Fig. 2) , meaning that the degree of uncertainity of the model's predictions for a species increased as the numbers of records of occurrence of this species decreased.
The observed butterfly species occurrence (i.e. presence/absence) along the 14 transects differed significantly from the model's predictions for the corresponding grid cells ( 2 = 47.08, df = 1, p < 0.0001). Thus, the model was not able to predict the presence or absence of butterfly species along transects. The percentage of congruence between expected (i.e. modelled) and observed presence was highest for common species that were abundant in the area (e.g. M. jurtina, P. rapae, P. icarus and C. pamphilus) and decreased from species that were abundant to those that were scarce (Fig 2b, r   2 = 0.255, p = 0.002). However, the occurrence of a few rather rare species (e.g. H. comma, A. iris, M. diamina and M. aurelia) was well predicted, as the model predicted mostly species absence. For most species there was no correlation between abundance and the model's prediction tested using spearman rank correlation. However, for five species (i.e. C. arcania, C. pamphilus, C. rubi, G. rhamni and L. camilla) there are significant correlations with the amount of explained variance ranging from 28 to 52% (Table 1) . Thus, the model can be used to predict the local abundance of these species. On the other hand, the correlation was significantly negative for I. lathonia and L. megera, and therefore it is not possible to use this model for predicting the local abundance of these two species.
DISCUSSION
The use of bioclimatic data for modelling the distributions of species has recently become more common in ecological research (e.g. Franklin, 2009) . Some studies even link predictions derived from SDMs with other ecological patterns like productivity (Brambilla & Ficetola, 2012) or species abundance (Pearce & Ferrier, 2001; VanDerWal, 2009; Huntley et al., 2012) . However, there are no such studies on invertebrates or on the use of stateof-the-art variable sets for such analyses. Therefore, this study aimed to determine whether species distribution models (SDMs) based on fine-scale bioclimatic variables can be used to forecast species specific abundance patterns for butterflies in a heterogeneous landscape.
In general, both the simple presence/absence predictions and observations for specific sites and more specifically the forecast of species abundance and that of the prediction for the corresponding grid cells where transects were located differed greatly. Consequently, our data support, with a few exceptions, the contention that species abundance of butterflies cannot be predicted using models based on bioclimatic variables recorded at this scale in central Europe. Even a reliable prediction of presence or absence of a species was impossible. Thus, it is likely that fine-scale bioclimatic data with a resolution of 30 arc seconds is too coarse, in terms of representing landscape features that might be responsible for species occurrence (Brambilla et al., 2009; Cord & Rödder, 2011) . Moreover, depending on the geographical extent of the study, the use of variables at this resolution might blur model predictions. Thus, local factors might have masked the effects of the climatic variables used.
It is evident, however, that the AUC values, which are measures of model quality, indicated a good fit in most cases (Table 1, Fig 2a) . The use of this statistic for discriminating between models has been often criticized in the past (e.g. Lobo et al., 2008; Jiminez-Valverde, 2011) , but because of the lack of an alternative measure (Baldwin, 2009 , but see Hijmans, 2012 it is still widely used in niche modelling studies. In this study, the AUC values did not reflect the presence/absence situation of butterfly species at the study sites investigated, because the factors included in the model do not reflect the finer scale variation (see below) that is important in determining the distribution of the butterflies. Therefore, we recommend careful and critical use of AUC values when they alone are used to determine the goodness of fit of a model's predictions with reality.
Although mesoclimatic conditions strongly influence regional distribution patterns, their importance at finer (i.e. local) scales is considerably reduced as other factors become the key determinants of the occurrence and abundance of species. Structural and ecological parameters are especially important at the micro-scale, as butterflies often need highly complex habitat conditions for oviposition, larval development, growth of larval food-plants and imagos' nectar-plants (e.g. Settele et al., 1999; Asher et al., 2001) . These conditions are often strongly influenced by the nature of the soil and the use of the land by humans (Schmitt & Rákosy, 2007; Dover & Settele, 2009) . It is not possible to include these parameters in SDMs as such fine scale data is not available for large areas (but see Cord & Rödder, 2011; Brambilla & Ficetola, 2012; Pfeifer et al., 2012) . In this context, it is also necessary to emphasize the importance of the microclimatic conditions that are markedly influenced by human activities, such as the construction of traditional stone walls, ecologically rich waysides and slopes, hedgerows and small eroded patches. All of these provide suitable conditions for butterflies at places not predicted by the SDMs because they considerably increase temperature and modulate humidity at a very local scale of some few square metres. This is far below the spatial resolution of the climatic data currently used in model construction so that it is necessary to determine the abundance of butterflies and other invertebrates with complex habitat requirements by means of time-and labour-intensive field work, and this likely to continue to be the case for the foreseeable future.
